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A Case Study: Cambating uncerta

|
Before you can combat uncenainty, you have to honestly quantity
the uncertainty present.

High Resolution Soil Water from Regional Databases

and Satellite ,mages Representing uncenainty in terms of probabilities is the natural

tramewark, and allows a huge body of statistical tools to be readily

applied.

{t aiso carresponds to what we do - “quantified common sensa”.

in coflaboratian with meduced to computation.”
Toals now exist that ailow for computation in complex statistical

Joseph Coughian, Jennifer Dungan

Robin D. Morris, Vadim N. Smelyanskiy
“Thatheory of probabikties is at boltom only common sense
-Laplace
models.
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+ Satellite ohsarvations

. Soil water is aften a limiting factor in plant growth.
+ AVIRIS r#d and near infrased bands at 1 1km resolsion
« Ecologists are tharefors intarestad in soii water over large areas.
+ STATSGO database
. . " + stale 30 geographic dalsbase
+ Directly measuring soil water is difficult, involving extensive « pravides fim ted inkormation on sad water from an unknown (and mast probatly sparse
and iTegulac sampiing of the region

fieidwork and labaratory work,
. Task is to relate AVIRIS data to soil water and combine with the

;7 STATSGO information.

g

. Satellite data can ba usad to infer plant growth.

Under certain circumstances, plant growth can be linkad to soit

watar.
]
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Probabilistic formulation:

|

i

+ Stant with the distribution of what we do know (AVIRIS data), i

Under cartain crcumstances, piant conditio nal on evarything we don’tknow (NDVI, LAl AWC) I
|

1

growth can ba linked to soi satelite data L. . lai. awe
Availabile Wamr Capacity (AWC). !:: p(aviris | ndvi, lai, awc)
Laaf Area Ind i ntifi ’ « Invert using Bayes' Theorem
pi.:ni grr‘ow"_.l QAN quantifias NDV! + becauss whet we't raally inlara tud in it p(ndvi. lai, awc | avifs)
NDV! (non-dimensional vegetation - p{ndvi, lai, awc | aviris ) = p( aviris | ndvi, lai, awe ) p(ndvi, lai, awe }
indux) relates leaf area to the

Look at tha conditional indepandenc e structure of the problem

AVIRIS data.
- « this in shown an the pravious diagram (rapeated belaw )
The Leaf Area hdex and NOVI act @ H soil water !
soil

as alatant variables - linking the
observations to he quantity of satelite leaf area
interast, NDVI p
data index water
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f Probabilistic formulation (cont):

» pl aviris | ndvi, lai, awc ) p( nd i, lai, awe }
* gvanndvi, aviiis date m independart of [8i and awc
= p{ aviris | ndvi ) p{ ndvi, lai, awc )
+ rewsite the joint distnbution p(ndvi, (&, awe)
< p{aviris | ndvi } p(ndvi | lai, awe ) p( lai, awc )
* gvenienf ares, ndviia independent of awc
» p{avirls {ndvi ) p{ndvi | lai ) p( lal, awc )
~ rew tile the joint distrbuion pdaiawc)
« p{ aviris [ ndvi)p(ndvi| lai ) p( lai | awe ) p{ awe )

« Look at each term in this iast expression and assass the
unc ertainty invoived
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« p{avirs | ndvi ) p( ndvi [ lai ) p(lai | awc ) p{ awe )

* ndvi is derived directly from AVIRIS read and near infra-red bandss,
* ndvi = (IR - RED)AIR +RED}

« Compared with tha other terms, the uncertainty here is negligible.

« noise on the salailke sensar
+ geomaetiic resamping
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Saurces of uncertainty (cont):

+ p(aviris [ ndvi) p{ ndvi | lai } p{ lai | awe } p( awc )

This comes from fieldwo rk - mea suring LAl for a number of piots,

and finding the NDVi values for tho se plots,
+ Derved fam an AVIRISimage taken atthe same (ima.

Running et al (1989} have the fallowing graph:

The form of the curve,
ndvi=Ajog{Bx lai ),
comes from ecological theory.

But what abo ut the parameters?

Sources of uncertainty (cont):

if we assumae thatndvi=Alag(B xlai}+e
where ¢ <-N{ 0, g}
then we can write

P(AB, ojdata)=»p(data|[A,B, g)p{AB,a)
and realizations from p{ A,B, o | data } can be used to represent this
distribution {more on thi

biua lines: curves from (A B) values

green lines: +/-2¢a

slicing firough this graph we can

form
P(ndvi| lai) = N( A log( Bxiai), o)
whare (A,B, cj are rmean vaiues

ala: g 3 Gngie v ek uer mrtimairs i CTMBINY B e
amven
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Sources of uncertainty (cont):
« p{aviris | ndvi} p{ ndvi{lai} p{ lai { awe ) p{ awe )

+ More flaldwork - maeasuring LA! for a numbar of plots, and also
making laboratory measurements of soil water,

« Nemani+ Running {1988) have the data paints for this graph:

Again, sample from p( AB, o |data )
where di=Axawc +B+e

p{laifawec }=N(Axawe + B, a)

Saurces of uncertainty (cont):

« p(aviris | ndvi ) p{ ndvi | iai )p(lai | awe ) p{ awe )
+ This is the second sourcs of information - the STATSGO database
provides prior information on the distribution of AWC values.

layers

map palygons components

For anelt iy arwe ary Given the min and Max awc Pal was
recorded In Ihe zamping, and U max and min depth
For sadh companantwe are given the % of the polygon that this
COMPO Ot JoMprBes.
Assuming that he sampling misses the tais
of the distribution, we form a mixture model
whers the max/min valies are taken as - 20

for that layer.
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Oregan NOV!

Putting itall together:

« what we’re reaily interested in is

+ p{awc, lai | ndvi ) = p{ ndvi [{ai ) p(1ai | awe ) p(awc )

« plawe [ndvi) = J’p( awc, fai | ndvi)

[

+ This can be approximated by sampling from p{ awe, lai | ndvi ) and
then ignoring the lai vaiues.
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Results {cont):

maean lai

Resuits (cont):

variance of lai

o3 a s [T}

Distribution of AWC from sampling,
excluding the STATSGO prior
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Discussion: Further refinements:

- The awc distributions shown are for sampling - Improving p{ ndvi { lai }and p( lai | awc ) can be done by
p( ndvi { fai } p( lai | awe }, is not inciuding the prior p{ awc ). incorporating other types of information, ag
« Compare the distribution from sampling with the STATSGO prior:  tree species,
-age,
time since last clearcut etc,
» but all of these require mora fisidwork.

Including a spatial prior will reduce variation across the poiygons.

+ So the uncertainty is still on the lavel of the components.

suggeet that ad of tha pizels have 2pproxmately this disgibution.

+ Hawaver: priar says (hat this component is only ~% of the polygon, but the awc map sesms to J
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( Representing distributions using samples

» Wa wish to represent p(x), and then to compute expecta tions

E(ftxn = f FIp(x
« If we sample the domain of x uniformly, and compute p(x) for sach
x value, then the intagral can be approximated by

E(f() = 3 FCx)plx(i))
+ However this becomes inefficient if x is in more than a faw
dimensions (curse of diman sionality}

* Instead, if we sample from p(x), is concentrate the samples in the
high probabiltiy regions, then we can approximate the inte gral by

B~ Y fX @)
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Markav chain Monte Carlo:

MCMC is a2 mathod of genarating samples from p(x).

A Markov chain is a sequencs of states, where the probability of the next
state depends only on the current state.

The method canstructs a Markov chain that convarges to the distribution
of interest, p{x)

To do this it is necessary to determine the Transition Probabillties.

The Metropoiis Algarithm is the simplest acheme for doing this:

« Initlalize X randamiy
* Propose a new vailie x', where one of the elaments of X is changad by drawing It from a

symmatic distdbution
tx’ as th L4 ith = mi| prob{x | Y
acceptx’ as the new vaiue wi Pa prob(z] )

* otherwise retain the cument vaius, x
* store ihe realizations

+ The realizations are an approximate sample from the postarior, from

which we can compute quantities of interest (means, variances atc).
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